Abstract: Over the past few decades, in response to growing concerns about the impact of polycyclic aromatic hydrocarbons (PAHs) on human health, a variety of environmental forensics and geochemical techniques have emerged for studying organic pollutants. These techniques include chemical fingerprinting, receptor modeling, and compound-specific stable isotope analysis (CSIA). Chemical fingerprinting methodology involves the use of diagnostic ratios. Receptor modeling techniques include the chemical mass balance (CMB) model and multivariate statistics. Multivariate techniques include factor analysis with multiple linear regression (FA/MLR), positive matrix factorization (PMF), and UNMIX. This article reviews applications of chemical fingerprinting, receptor modeling, and CSIA; comments on their uses; and contrasts the strengths and weaknesses of each methodology.
INTRODUCTION
Polycyclic aromatic hydrocarbons (PAHs) are semivolatile organic compounds containing two or more fused benzene rings in a linear, angular, or cluster arrangement [1] . Their presence in the environment has been linked to adverse effects to public health [2] . In addition, PAHs have been described as the most toxic compounds in the hydrocarbon families [3] . They tend to manifest toxicity after biotransformation [3, 4] through metabolic activation (one-or-two-electron oxidation) in organisms [5] . The lighter PAHs (2-3 rings), are generally not as carcinogenic as the heavier PAHs with more than 3 rings. Well-known PAHs, such as benzo [a] pyrene (BaP) and benzo [a] anthracene, are mutagenic and carcinogenic, while a few of them have been listed as endocrine disruptors [6, 7] . Research has shown that PAHs exert toxicity by interfering with cellular membrane function and membrane-associated enzyme systems. This is particularly true with the lower-molecular-weight (LMW) PAHs. The U.S. Environmental Protection Agency (EPA) lists 16 PAHs as priority pollutants [8] .
PAHs are relatively stable and neutral compounds. They all have low solubility in water, the solubilities tend to decrease as a function of increasing molecular weight. PAHs are highly lipophilic as shown by their water-octanol partition coefficients (K ow ) ( Table 1 ). Due to their lipophilic or hydrophobic nature, the concentrations of PAHs dissolved in water are usually low. Parent PAHs, and their alkyl derivatives, have both natural and anthropogenic sources. Natural processes such as volcanic eruptions, diagenesis, and biomass combustion give rise to PAHs that end up in the environment [14] . However, in heavily industrialized and urbanized areas anthropogenic activities are the major sources. These include incomplete combustion of fossil fuels [15] by internal combustion engines [15, 16] , power generation from fossil fuels (including coal), coke production, wood burning, and incineration of industrial and domestic waste [17] , or more generally, materials containing C and H. The PAHs are formed from reactive free radicals produced by the pyrolysis of hydrocarboncontaining fuels.
PAHs may emanate from oil spills [18] , used motor oil [19] , and contaminated industrial sites including gas manufacturing plant sites, Al production [20] , or steel works [21] . Unburnt coal has also been identified as a major source of PAHs in soils and sediment [22] . In addition to sorbed PAHs from exposure of coal to the environment, original hard coals from a seam contain up to hundreds, and in exceptional cases, thousands of μg/g PAHs [19, 23] . Coal particles are released by open cast mining, spills during the loading and transport of coal, or accidents releasing coal into fresh water or marine systems [24] [25] [26] . In addition, coal stored in stock piles is subject to erosion and is therefore introduced into river systems.
Under environmental temperatures, PAHs have the propensity to volatilize from water bodies and enter the atmosphere. As a consequence of their resistance to breakdown reactions in air, PAHs are capable of traversing long distances before being re-deposited (trans boundary/"grasshopper effect" or syndrome) [27, 28] . They can be transported through the atmosphere over long distances, entering into the aquatic environment by wet and dry deposition and/or gas-water interchange. Once in aquatic sys-tems, most of the PAHs are associated with the particulate phase due to their hydrophobic properties giving rise to accumulation in sediments [29] . The repetition of the cycle of volatilization and atmospheric cycling in warmer climates and condensation and deposition in colder climates, results in the accumulation of PAHs in areas far away from where they were used or first emitted into the environment.
Recognizing and unraveling the relative contributions of PAHs derived from different point and nonpoint sources (source apportionment), is the principal means to control or manage their input and allocate liability for remedial activities.
The aim of this review is (i) to provide an overview of recent applications of chemical fingerprinting, receptor modeling, and compound-specific stable isotope analysis (CSIA) in environmental forensics that highlight the large potential of these methods and (ii) to point out existing shortcomings and discuss attempts to overcome them.
SOURCE APPORTIONMENT APPROACHES
A search of the literature reveals that approaches to source apportionment of PAHs are generally divided into three categories, i.e., chemical fingerprinting, receptor modeling, and CSIA. In chemical fingerprinting, the relative molecular concentration ratios or diagnostic ratios are employed. Most diagnostic ratios involve pairs of PAHs with the same molar mass and similar physicochemical properties so they are assumed to undergo similar processes determining their fate in the environment.
Although parent PAH diagnostic ratios may provide important information pertaining to pollution emission sources, the arbitrary application of PAH diagnostic ratios has been under scrutiny [30] [31] [32] : some authors have applied them unaware of the fact that they are not usually conservative in the environment.
Two basic types of receptor models may be applied to yield quantitative source apportionment: chemical mass balance (CMB) and multivariate techniques. The receptor-oriented approach usually infers the contribution from various sources by determining the best-fit to a linear combination of equations for the emission sources needed to reconstruct the measured composition of a sample or by using multivariate analysis [33] . CMB models such as the EPA CMB require a priori knowledge of the source signatures for a given area. Most applications of CMB models are on air quality monitoring, with limited applications in source apportionment of pollutants in other environmental media such as sediments, water, and soil. To date, principal component analysis (PCA) has been the most widely reported multivariate tool for PAH source apportionment studies [34] [35] [36] [37] [38] [39] [40] [41] and has been mainly applied for the purpose of identification. However, it is also possible to determine quantitatively the loading of each variable on each source, and the contribution of that source to the total pollutant concentration by employing factor analysis (FA) in conjunction with multiple linear regression (MLR) analysis [16] .
Chemical fingerprinting
Chemical fingerprinting approaches are based upon quantitative and qualitative comparison of PAH concentration profiles, or "fingerprints" with those of candidate source materials or reference materials [42] . Although the 16 priority PAHs have been widely used, the merits of including data beyond the 16 regulated priority PAHs, for example, total hydrocarbon fingerprints, alkylated derivatives, sulfur-containing aromatics, or petroleum biomarkers, have been reported [42, 43] .
Qualitative chemical fingerprinting is capable of recognizing major sources of PAHs and, thus, roughly provides a source apportionment [44] . However, when sediments contain hybrid fingerprints as a result of mixtures of more than one source, the method becomes confounded. Quantitative chemical fingerprinting is more objective than the qualitative approach and is premised on the comparison of diagnostic ratios based on the concentration of individual parent PAHs, alkylated PAHs, or PAH groups [45] [46] [47] , the stable isotopic composition of individual PAHs [48, 49] , or the concentrations of source specific tracers. The contribution of each source in mixed samples is then computed by employing absolute concentrations rather than ratios, which do not mix linearly. A drawback with this approach is that it becomes increasingly complex when more than two sources are present [50] .
The application of diagnostic ratios requires an understanding of the relative thermodynamic stability of different PAHs, the characteristics of different PAH sources and the changes in the PAH composition between source and sediment, and the relative stability of different PAH isomers and PAHs from different sources [51] . Combustion and/or anthropogenic sources are usually deduced from an increase in the proportion of the less stable (kinetic) PAH isomer compared to the more stable (thermodynamic) isomer [52] . The relative stability of parent PAHs (Table 1) has been computed from the relative heat of formations (H f ) [51] (Table 2) . The H f energy difference, H f difference 1 and H f difference 2, was calculated using the H f computed using AM1 (Hyperchem, V4.5, Ontario, Canada) and PCMODEL (PCMODEL, V5.13, Indiana, USA) programs for each PAH isomer relative to the most stable isomer for each mass. Although the absolute value of H f for a specific PAH differs between the two calculations [51] , both programs yield a similar ordering of stability for PAHs within a given mass and, for all masses except 228, identically sort each mass according to its range in stability. [53] . In a study undertaken by Ghosh and Hawthorne (2010) [54] the partition coefficients of PAHs between water and sand, coal/coke, wood, and pitch are similar for the isomers in the AN/(AN + PhA), FIA/(FIA + Py), BaA/(BaA + Chy), and IP/(IP + BghiP) ratios. PAHs sorbed on sediments are considered to be stabilized by physicochemical association with the sediment matrix; consequently they undergo, for all intents and purpose, no further compositional changes [55] . The PAHs of molecular mass 178 and 202 are widely used in order to resolve petroleum and combustion sources of PAHs. For mass 178, anthracene (AN) is less stable when compared to phenanthrene (PhA), thus a ratio of AN to PhA + AN (AN/AN + PhA) of less than 0.1 is usually considered as an indication of petroleum-derived PAHs, while a ratio greater than 0.1 indicates predominantly combustion sources. For mass 202, a fluoranthene-to-fluoranthene plus pyrene ratio (FIA/FIA + Py) is below 0.40 for most petrogenic sources and above 0.40 for pyrolytic sources ( Table 3 ). The same PAH diagnostic ratios have been used to distinguish diesel and gasoline combustion emission [62] , different crude oil processing products, and biomass burning processes, including bush, savanna, and grass fires [51] . The MP/PhA ratios in combustion residues are generally <1, but vary from 2 to 6 for petrogenic sources or unburnt fossil fuels. The (FIA + Py)/(C2P + C3P) ratio reflects the relative abundance of pyrogenic PAHs and increases with increasing pyrogenic character [55] . Table 3 lists typical diagnostic ratios obtained from the literature. Thus, PAH isomer ratios, when applied prudently, could be used to identify sources of PAHs. Some of the isomer ratios such as LMW/HMW, FIA/Py, PhA/AN, and AN/AN + PhA could only be used to resolve petrogenic and pyrogenic sources. However, application of more specific isomer ratios can yield resolution of closely related sources such as petrol, diesel, and organic matter combustion.
Furthermore, diagnostic ratios can be used to indicate the presence of diagenic PAHs in sediment material.
To assess the main source of PAHs to Jiaozhou Bay sediments, two PAH distribution indexes or diagnostic ratios were used [44] : the ratio of ΣLPAHs/ΣHPAHs (sum of two and three rings PAHs to the sum of more than three rings PAHs) and the ratio of PhA/AN. These have been used in many studies as useful tools to identify petrogenic and pyrolytic sources of PAHs in marine sediments [45, 65] . High ΣLPAHs/ΣHPAHs ratios (>1) often indicate PAHs were petrogenic origin predominates, while low ΣLPAHs/ΣHPAHs ratios suggest PAHs of pyrolytic origin. As for PhA/AN ratios, PAHs from petrogenic sources usually have values larger than 15, but less than 10 when they are of pyrolytic origin ( Table 2 ). The calculated ratios suggested that petroleum contamination was the main source of n-alkanes, while both pyrolytic and petrogenic sources contributed PAHs to the surface sediments of Jiaozhou Bay. The researchers compared the results to other polluted coastal sediments and found that the level of contamination from both aliphatic hydrocarbons and PAHs in Jiaozhou Bay sediments was relatively low [60] .
Twenty-nine Malaysian river and coastal sediments were analyzed for PAHs (3-7 rings) by gas chromatography/mass spectrometry (GC/MS) [66] . The PAHs concentrations in the sediment ranged from 4 to 924 ng/g. Alkylated homologues were found to be abundant for all sediment samples. The researchers used ratios of the sum of methylphenanthrenes to phenanthrene (MP/PhA), as an index of petrogenic PAH contribution. The MP/PhA ratio was more than unity for 26 sediment samples and more than 3 for 7 samples, from urban rivers covering a broad range of locations, indicating the presence of petrogenic sources. This finding is in contrast with other studies reported in many industrialized countries where PAHs are mostly of pyrogenic origin. The MP/PhA ratio was also significantly correlated with higher-molecular-weight (HMW) PAHs, such as BaP, suggesting a unique PAH source in Malaysia that contains both petrogenic and pyrogenic PAHs.
The concentrations and distribution of PAHs between water, suspended particles, and sediments from the middle and lower reaches of the Yellow River, China, were investigated [59] . The concentrations of the PAHs were in the ranges of 179-369 ng/L, 54-155 μg/kg, and 31-133 μg/kg, in water, suspended matter, and sediments, respectively. Concentration sums of 13 PAHs in suspended particles were positively correlated with the content of total organic carbon, while in surface sediments they varied significantly among sampling locations. They were mainly correlated with particles with grain size less than 0.01 mm, instead of total organic carbon. Source analysis using diagnostic ratios, Fl/(Fl + Py) and AN/(AN + PhA), revealed that the PAHs originated mainly from coal burning, although in some tributaries, the sources could be attributed to combustion of petroleum.
Many PAHs were identified and quantified in sediments from the Cotonou coastal zones (Benin) and Aquitaine (France) [64] . The sediments exhibited total PAH concentrations in the range of 25 ± 1450 ng/g and 14 ± 855 ng/g for Cotonou and Aquitaine, respectively. The highest contents of PAHs were found in the Cotonou harbor. However, the PAH concentrations were comparable with those of slightly contaminated zones. The researchers used PhA/AN, FIA/Py, Chry/BaA, LMW/HMW, perylene (Per)/(tot. PAH), and Per/(penta-aromatics) diagnostic ratios to identify the PAH contamination sources in the studied sampling stations. In general, the Cotonou lagoon sampling sites were mainly contaminated by petrogenic PAHs, due to petroleum trade along the lagoon, and also waste oils from mechanics shops. The Aquitaine samples were polluted by pyrolytic PAHs. A combination of both petrogenic and pyrolytic PAH contaminations was observed in the harbors. This was attributed to deliveries of petroleum products and fuel combustion emissions from the ships berthed alongside the quays.
The use of Per/(tot. PAH), and Per/(penta-aromatics) diagnostic ratios to identify the PAH contamination sources in sediments has also been reported [65] . High values of the ratios (>0.40) were found to indicate the diagenetic origin of PAHs in sediments, with Per as the marker compound for diagenesis [67] .
The concentrations and spatial distributions of 17 PAHs and methylnaphthalene in sediments of a river and estuary in Shangai, China, were investigated by Liu et al. [68] . The total PAH concentra-tions, excluding Per, ranged from 107 to 1707 ng/g dry weight (dw). Concentrations of PAH in sediment of the Huangpu River were found to be higher than those of the Yangtze Estuary. However, the concentration in the Suzhou River sediments was close to the average concentration in the Huangpu River. The PAHs source analysis was accomplished using the diagnostic ratios of LMW/HMW and AN/(AN + PhA). These ratios revealed that in the Yangtze Estuary, PAHs at locations far away from cities were mainly from petrogenic sources. At other locations, both petrogenic and pyrogenic inputs were significant. In the Huangpu and Suzhou Rivers, pyrogenic input outweighed other sources. The pyrogenic PAHs in the upper reaches of the Huangpu River were mainly from incomplete combustion of grass, wood, and coal, and those in the middle and lower reaches from vehicle and vessel exhausts.
PAHs were measured in 59 surface sediments from rivers in the Pearl River Delta and the northern continental shelf of the South China Sea [69] . The total PAH concentrations varied from 138 to 6793 ng/g dw. The sources of PAH input to sediments in the Pearl River Delta were qualitatively and quantitatively determined by diagnostic ratios and PCA with MLR. The following diagnostic ratios were used: MP/PhA, sum of FIA and Py/sum of C2 and C3 alkylphenanthrenes (FIA + Py)/(C2P + C3P), FIA/(FIA + Py), and IP/(IP + BghiP). The PCA, with MLR results from the study, indicated that, on average, coal and wood combustion, petroleum spills, vehicle emissions, and nature sources contributed 36, 27, 25, and 12 % of total PAHs, respectively. Coal and biomass combustion was the main source of PAHs in sediments of the South China Sea, whereas petroleum combustion was the main source of pyrolytic PAHs in river and estuarine sediments of the Pearl River Delta.
Wagener et al. [70] identified biomass burning and petroleum combustion activities as the main sources of PAHs in tropical bay sediments. These authors, however, question the sole use of diagnostic ratios for source identification in tropical areas, owing to the rapid weathering of petrogenic hydrocarbons there.
Although source apportionment using diagnostic ratios has been widely reported in the literature, its reliability is increasingly coming into the spotlight. This is attributed to some of the inherent shortcomings of the method. The use of diagnostic ratios is premised on the assumption that paired compounds are diluted to a similar extent during transport, and consequently, the ratios remain constant en route from sources to receptors. For this reason, ratio calculations are usually restricted to PAH isomers to minimize confounding factors, such as differences in volatility, water solubility, and affinity to organic carbon [71] [72] [73] . However, this assumption does not always hold water because, in most cases, the physicochemical properties of the paired PAH species are not identical [74] [75] [76] [77] [78] . As a result, changes in diagnostic ratios from sources to receptors are almost inevitable. For instance, it has been observed that PAH ratios in the atmosphere often depart from those observed in source emissions [79, 80] ( Table 4) .
The search for PAH emission sources using diagnostic ratios should be accompanied by a computation of the ratios for each emission source present in the area investigated. However, PAH ratios calculated for each hypothetical source are not always definitive: for instance, the diagnostic ratio reported by Manoli et al. [80] shows strong variations for a particular source [e.g., BaA/(BaA + Chy) = 0.3-0.6 for cement production] and similarity for many sources [e.g., FIA/(FIA + Py) = 0.4-0.5 for cement production, metal manufacturing, fertilizer production, diesel combustion, and road dusts].
In addition, physical-chemical properties of some PAHs, like chemical reactivity (photo-oxidation, oxidation), contribute to modifying the original distribution pattern of the emission sources (Table 4) . Hwang et al. found that AN degraded faster than PhA, leading to a reduced AN/PhA ratio in pine needles [11] . To circumvent this problem, researchers might consider studying the partitioning and degradation of PAHs in the study area and apply corrections to the measured diagnostic ratios. Schauer et al. [79] proposed a coefficient of fractionation, representing losses due to gravitational settling, chemical transformation, or evaporation of PAHs, for source apportionment. The degree of photochemical destruction is evaluated using the ratio of benzo[e]pyrene (BeP) to BaP. BaP is highly susceptible to photochemical decay, whereas BeP is much more stable in the atmosphere [81] . A high BeP-to-BaP ratio indicates loss of the more reactive BaP through photochemical degradation. Another approach to identifying the impact of photo-oxidation involves grouping samples by season [81] . A Student's t-test is then conducted on the mean values from different seasons at the 95 % confidence interval. Insignificant differences are then taken as an indication that the degree of photochemical losses of PAHs does not significantly change seasonally and that it is relatively constant and therefore does not impact the resulting source contribution, although it will create a systematic error in source composition.
The accumulation of PAHs in sediments is determined by the sediment constituents such as black carbon content, organic content, or grain size. A study conducted by Ghosh and Hawthorne (2010) [54] showed that the partition coefficients of PAHs between water and sand, coal/coke, wood, and pitch are similar for the isomers in the AN/(AN + PhA), FIA/(FIA + Py), BaA/(BaA + Chy) and IP/(IP + BghiP) ratios. Consequently, PAHs sorbed on sediments are considered to be stabilized by physicochemical association with the sediment matrix: thus they undergo practically no further changes [55] . However, difficulties do exist in identifying PAHs origins in sedimentary medium, owing to the possible coexistence of several sources (various pyrolytic sources, petrogenic contamination, and early diagenesis) ( Table 4) . Per is employed as a marker compound in order to identify the possible impact of diagenic sources on sedimentary diagnostic ratios. The presence of Per in sediments implies that diagnostic ratios may not be a true reflection of those in emission sources. Coupled to the above-mentioned drawbacks is the inability to quantify the diagnostic ratio approach to quantify sources of the contribution of each identified source to the contamination of sediments (Table 4) . Nevertheless, PAH ubiquity in the sediments indicates that accumulation phenomena dominate degradation processes in sedimentary matrices [71] , so, some PAHs exhibit comparable evolution kinetics. ment. These are CMB and multivariate models. Within each class there are specific models. These include tracer element, linear programming, ordinary least-squares and ridge analysis (all solutions of the CMB equation), and FA, MLR, and extended Q-mode FA (all variants of multi variate models) [83] . [84] . For each run of CMB, the model fits speciated data from a specified group of sources to corresponding data from a particular receptor (sample). The source profile abundances (i.e., the mass fraction of a chemical or other property in the emissions from each source type) and the receptor concentrations, with appropriate uncertainty estimates, serve as input data to CMB. The output consists of the amount contributed by each source type represented by a profile to the total mass, as well as to each chemical species. CMB calculates values for the contributions from each source and the uncertainties of those values.
Chemical mass balance model
The model assumes that the profile of marker chemical species measured at a specific receptor site is a linear combination of concentration profiles of the chemical species emitted from independent contributing sources [73] . The general equation is (2) where F j is the measured concentration of the jth PAH compound in the sample, ϕ ji is the concentration of jth PAH in the ith source, α i is the source contribution factor of the ith source, e j is the error associated with the jth PAH, n is the number of sources, and m is the number of PAH marker compounds used in the model.
To obtain quantitative source contributions at a receptor by applying the CMB model, several assumptions should be satisfied:
(1) composition of source emissions is consistent over the period of ambient and source sampling; (2) chemical species do not react with each other, i.e., they add linearly; (3) all sources with a potential for significantly contributing to the receptor have been identified and have had their fingerprints determined; (4) the compositions of different sources are linearly independent of each other; and (5) measurement uncertainties are random, uncorrelated, and normally distributed.
The first assumption in the CMB8.2 model is not valid if differential loss of PAHs occurs from source to receptor because of photo-oxidation in the atmosphere or photolysis or biodegradation in sediments. To correct for the degradation of PAHs from source to receptor, attempts have been made to modify the CMB8.2 model by incorporating a degradation factor [85] [86] [87] .
The degradation factor was related with the first-order rate constant of degradation of PAH. Thus, eq. 2 becomes
where C ja is the estimated degradation factor of the jth PAH compound in the atmosphere; C js is the estimated degradation factor of the jth PAH compound in the sediment, k ja (per hour) is an apparent first-order rate constant of degradation of compound j in the atmosphere, k js (per day) is an apparent (1) single unique species to represent each source (tracer solution); (2) linear programming solution; (3) ordinary weighted least squares, weighting only by uncertainty of ambient measurements; (4) ridge regression weighted least squares; (5) partial least squares; (6) neural networks; and (7) effective variance weighted least squares.
The effective variance weighted solution is generally applied because it theoretically yields the most likely solutions to the CMB equations, providing model assumptions are met; it uses all available chemical measurements, not just so-called "tracer" species; it analytically estimates the uncertainty of the source contributions based on uncertainty of both the ambient concentrations and source profiles; and it gives greater influence to chemical species with lower uncertainty in both the source and receptor measurements than to species with higher uncertainty.
In 2000, the EPA unleashed its Windows-based CMB8.2 computer software, which substantially improved the estimation of source contributions to ambient air pollutants such as particulate matter and volatile organic compounds. However, the software was labeled as an air quality model. The CMB receptor model was initially applied to air resources management [52, 54] . In this context, the model uses the chemical and physical characteristics of gases and particles, measured at source and receptor, to both identify the presence of and to quantify source contributions to receptor concentrations. The CMB assumes that the profile of a marker chemical species determined at a specific receptor site is a linear combination of concentration profiles of the chemical species emitted from an independent contributing source [55] .
The model has, of late, been extended to source apportionment of PAHs in environmental compartments such as sediments. It was first tested for source apportionment of pollutant chemicals found in aquatic environments by Li [91] . The objective of that study was to quantitatively apportion the major sources of PAHs in the sediment of a lake near downtown Chicago. In order to be effective, the model relies upon input of PAH concentration profiles from a predetermined set of candidate PAH sources within the study area [92] . The linear combination of the candidate source profile is then used to understand the profiles at each receptor. One drawback of the CMB model for source apportionment is the requirement for input of source emission profiles in order to calculate the source contributions [87, 93] (Table 4) .
Source apportionment of PAHs in sediment employing the CMB model has been reported by several researchers. A model developed by the EPA was used to apportion sources of PAHs in coastal sediments from Rizhao, an off-shore area in China [85] . The concentrations of the PAHs in the sediments ranged from 76.4 to 27 512.0 μg/g with an average value of 2622.6 μg/g. The profiles of the chosen seven possible sources were obtained from literature. The CMB model relies on the assumption that no change in source profile occurs between source and receptor. However, the researchers suggested that this assumption does not always hold, since differential loss of PAHs could be incurred from source to receptor as a result of photo-oxidation in the atmosphere, or photolysis, or biodegradation in the sediments. Consequently, the authors proposed a modification of the EPA CMB model by including degradation factors. After modifying the model for degradation factors, the model results indicated that diesel oil leaks (9.25 %), diesel engines exhaust (15.05 %), and coal burning (75.70 %) were the major sources of PAHs in sediments.
In a study carried out on sediments from the Green Bay, in Wisconsin, USA, coke burning, highway dust, and wood burning were found to be likely sources of PAHs [94] . The contribution of coke oven emissions for the Green Bay cores was in the range of 5-90 % while the overall highway dust contribution ranged between 5 and 70 %. This was determined after application of the CMB model. The authors did not take the possibility of degradation of the PAHs into account.
In another study, the sources of PAHs in sediments from the lower Fox River, Wisconsin, USA, were determined by applying the CMB model [86] . The sediment cores exhibited total PAH concentrations between 19.3 and 0.34 mg/kg. The researchers went a step further to determine historical trends of PAH inputs by employing 210 Pb and 137 Cs dating. Source fingerprints for CMB model input were obtained from literature. The results from the study indicated that coke oven emissions, highway dust, coal gasification, and wood burning were the likely sources of PAHs in the lower Fox River. Coke oven emissions were in the range of 40-90 % of total PAHs. Historical trend results revealed that this contribution decreased from 1930 to 1990. The overall highway dust contribution was between 10 and 75 %, and this fraction increased from 1930 to 2000. The wood burning contribution was less than 7 % in the cores.
The CMB model was employed to apportion sources of PAHs found in sediments from Lake Calumet and surrounding wetlands southeast of Chicago [91] . To establish the fingerprints of the PAH sources, 28 source profiles were obtained from literature. After taking into consideration gas/particle partitioning of some of the PAHs, some of the source profiles were modified accordingly. Modeling results indicated that coke ovens and traffic were the major sources of PAHs in the area. The average contribution from coke oven emissions ranged from 21 to 53 % of all sources, and that from traffic ranged from 27 to 63 %.
Duval and Friedlander used a CMB with first-order decay to resolve PAH sources to the Los Angeles atmosphere [95] . In this study, fingerprints of coal combustion (AN, PhA, FIA, Py, BaA, and chrysene), coke production (AN, PhA, BaP, BghiP), incineration (PhA, FIA, and especially Py), wood combustion (AN, PhA, FIA, and Py), oil burning (FIA and Py), gas-powered vehicles (FIA, Py, BghiP, and coronene), and diesel-powered vehicles (BbFIA, BkFIA, and thiophene compounds) were used to identify the sources. Subsequent application of the EPA CMB8.2 model quantified the contribution of each source.
A drawback of the CMB model is that a priori knowledge of the number of PAH sources is required. Coupled to this is the problem that location-specific profiles for PAH sources are not known. To ameliorate issues arising from the aforementioned problems, researchers have resorted to establishing the fingerprints of PAH sources, using data from the literature. Some of the source profiles are modified based on the gas/particle partitioning of individual PAHs. The profiles under the same source category are averaged, and the fingerprints of sources are established [91] . Although this approach has been used with some degree of success, the errors resulting from using source profiles from different regions or literature to represent local sources are not known. The profile reaching the receptor might be different from that at a source due to degradation processes occurring between source and receptor (Table 4) .
Multivariate techniques
In contrast with the CMB, multivariate source apportionment methods require no a priori estimates of the number and compositions of components, for it searches for the data set for groups of species [such as principal components (PCs), factors, or clusters] whose collective variations account for most of the fluctuation of the species measured [82] .
To date, PCA has been the most commonly used multivariate tool for PAH source apportionment and has been mainly applied for the purpose of identification. However, it is also possible to determine quantitatively the loading of each variable on each source, and the contribution of that source to the total pollutant concentration.
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FA has been applied as a statistical technique to identify a relatively small number of factors (latent variables) that are used to represent the sources of contamination. Three common source apportionment techniques that are based on FA are: PMF, UNMIX, and PCA/MLR, which is also known as PCA/absolute principal component scores (PCA/APCS). Of these methods, PCA/MLR has been the technique most widely used for sediment studies.
PCA, FA, and MLR PCA/MLR requires an initial PCA to be performed on the standardized data [96] [97] [98] . The PC matrix is then rotated using Varimax rotation, which retains the orthogonality of the axes and hence the independence of the latent variables (or sources) [34, [97] [98] [99] . The rotation of the matrix realigns the matrix axes with the adjusted model parameters after the removal of the nonsignificant variables and thus clarifies the variable loading on each source [100] . Once this step has been completed, it is possible to identify the individual sources based on their chemical profiles. These chemical profiles may be defined variously by mathematical procedures [101] , literature values [34, [101] [102] [103] [104] , or diagnostic ratios [34, [101] [102] [103] 105] .
The ultimate goal of source apportionment in environmental analysis is to determine the percentage contribution of different sources of pollutants for a given set of samples [105] . To achieve this goal, the percentage contributions of the major sources of pollutants are calculated using MLR from the PCA factor scores and the standardized normal deviation of total concentrations of pollutants as independent and dependent variables, respectively. The linear regression model was developed by Larsen and Baker [96] . The basic equation of a multiple linear model is (6) This model is only valid if the assumption that there is no collinearity in X i holds. Noncollinearity, by definition, is ensured by selecting the PCA factor scores as the independent variables, X i . The dependent variable, y, is ΣPAHs. The influence of each dependent variable on the independent variable can be directly compared by the regression coefficients, if the independent and dependent variables are "normally standardized". The equation for normal standardization is
where x is any variable, x -is the mean of x, and σ x is the standard deviation of x. This new variable represents the distance, in standard deviation units, of a given sample from the mean. When the variables of eq. 6 are normalized, the regression coefficients are represented as B, and the intercept (b) is 0 (8) z becomes the standardized normal deviates of ΣPAHs. By definition, the factor scores have a mean of 0 and a standard deviation of 1; therefore, X i after application of eq. 2 remains unchanged. The partial regression coefficient B i is also the partial correlation coefficient, r p , such that the squared multiple correlation coefficient, R 2 , can be expressed as (9) The calculation of the mean percent contribution becomes (10) Most authors report the use of FA in combination with cluster analysis, and in all these cases the factor loadings are a reflection of the clustering of the PAHs. However, a few studies include MLR as part of the source apportionment strategy. In addition, these approaches have been employed to augment findings from other source apportionment approaches, such as CMBs.
One of the primary advantages of multivariate methodology, as applied to source apportionment, is the ability to include nonchemical measurements, such as light scattering, gaseous pollutant measurements, and meteorology in the data set. Thus, primary particles may be associated with secondary species. Another multivariate analysis strength is the ability to identify source impacts at the receptor with very limited knowledge of the airshed. The number of sources, likely emission composition and source loadings, are inferred directly from the data. In addition, these methods provide information concerning the number of major sources responsible for the data variability, source composition, and source loadings. These models, however, require large data sets and are, therefore, not useful for modeling single days. Finally, some knowledge of source compositions and sources likely to be impacting the receptor are required to interpret the model results (Table 4) .
A drawback of PCA/MLRA is its inability to effectively model extreme data. This concept is an expression of the "nonrobustness" in the PCA/MLRA method (Table 4 ). In a study carried out by Larsen and Baker (2003) [96] , 1-methylanthracene (1-MeA) had the highest loading on the wood source on a particular day. This PAH (1-MeA) also had the highest concentration on the day in question. These facts indicate that PCA created a factor to primarily account for the study, outlying 1-MeA concentration. A PCA/MLRA analysis was rerun without the data from the day in question, and a five-source solution was created. The factor loadings of the first four sources were similar to the original vehicle, coal, oil, and wood profiles. The fifth source was unidentifiable because of the lack of prominent chemical loadings. In the same study, approximately 10 % of the individual samples contained apparent negative source contributions; this is physically impossible. PCA's ability to generate negative source contributions is a known major concern.
As a follow-up to the CMB model, an FA model with nonnegative constraints was employed to apportion the sources of PAHs found in sediments from Lake Calumet and surrounding wetlands southeast of Chicago [91] . The source profiles and contributions, with uncertainties, were determined with no prior knowledge of sources, as opposed to the CMB model where a priori knowledge of sources is a requirement (Table 4 ). The FA model included scaling, and back scaling, of data with average PAH concentrations, without normalization. The FA results for a two-source solution indicated coke oven (45 %) and traffic (55 %) as the primary PAH sources of Lake Calumet sediments. A six-source FA solution indicated that coke oven (47 %) and traffic (45 %) related sources were major PAH sources and wood burning-coal residential (2.3 %) was a minor PAH source. From the six-source solution, two coke oven profiles were observed, a standard coke oven profile (33 %), and a degraded or second coke oven profile (14 %), which was low in PhA and Py. Observed traffic-related sources included gasoline engine (36 %) exhaust and traffic tunnel air (9.3 %). These results augmented findings made using the CMB model.
The sources of PAHs that enter ambient air in Baltimore, MD, USA, were determined by using three source apportionment methods, PCA with MLR, EPA UNMIX model, and PMF [96] . In the study, vehicles with both diesel and gasoline engines contributed, on average, 16−26 %, coal 28−36 %, oil 15−23 %, and wood/other having the greatest disparity of 23−35 % of the total (gas-plus particle-phase) PAHs. Seasonal trends were found for both coal and oil. Coal was the dominant PAH source during the summer, while oil dominated during the winter. PMF was the only method to segregate diesel from gasoline sources. By determining the source apportionment through multiple techniques, weaknesses in individual methods were mitigated and overlapping conclusions were strengthened.
PCA and MLR were applied to apportion sources of PAHs in surface sediments in Tianjin River, China [106] . Four principal components were extracted representing coal combustion, petrol, coke and biomass burning, and industry discharge as sources. The contributions of major sources were quantified using MLR as 41 % coal, 20 % petroleum, and 39 % from coking and biomass. The researchers further divided the study area into three distinctive regions, with different PAH concentrations, and applied PCA and MLR to quantify contributions from major sources in those regions. The three zones were found to have distinctive differences in PAH concentration and profile, different source features were also unveiled. For the industrialized Tanggu-Hangu zone, the major contributors were coking (43 %), coal (37 %), and vehicle exhausts (20 %). In rural areas, however, in addition to the three main sources, biomass burning was also important (13 %). In the urban-suburban zone, incineration accounted for one-fourth of the total.
The concentrations of 18 PAHs in 32 samples collected from the Huangpu River in Shangai, China were determined [107] . Cluster analysis distinguished the 18 individual PAHs into three major groups. Two of the groups represented pyrogenic and petrogenic sources, while the third cluster represented an unknown source. The results of diagnostic ratios showed that pyrogenic sources were the major sources of the PAHs. The PCA/MLR analysis of the data revealed that contributions from coal combustion, traffic-related pollution, and spills of petroleum products (petrogenic) were 40, 36, and 24 %, respectively. Furthermore, the investigators were able to show that PAH pollution in the sediment was significantly higher in spring than in other seasons. They attributed the higher concentrations to contributions from coal combustion and petrogenic sources.
The PAHs in 350 sediments from a 2-km portion of the Little Menomonee River (Milwaukee, WI, USA) were determined using PCA, chemical fingerprinting, and PMF [45] . In total, creosote and urban background contributed 27 and 73 % of eight carcinogenic PAHs (CPAHs), respectively, in that part of the river. The concentrations of CPAHs derived from the urban background were highest in surface sediments (20 mg/kg), particularly near major roadway crossings. The concentration increased in the downstream direction, and (on average) exceeded the 15 mg/kg regulatory clean-up threshold. Weathered creosote-derived CPAHs were widespread at low concentrations (4.8 mg/kg), although some discrete sediments, mostly at depths below 2.54 cm, contained elevated CPAHs derived from creosote. The investigation demonstrated the value of combining multiple techniques in source apportionment studies of PAHs in sediments. Furthermore, it showed that PMF could be used as a means to determine the concentration of PAHs attributable to background in sediments without the need to identify, collect, and analyze background samples, which may not even exist in heterogeneous aquatic environments.
UNMIX and PMF
Efforts to develop other statistically driven source-receptor models that do not require prior knowledge of source profiles and are "robust" have been published. Two such models are the EPA UNMIX and PMF. UNMIX was developed to address the shortcomings of both PCA and CMBs [108] . Results from the UNMIX model are constrained to positive values, which address the most significant concern of PCA, i.e., sources which exhibit negative contributions. Unlike CMBs, UNMIX does not require a priori knowledge of the number of sources or their compositions (Table 4) .
Given a data matrix of n samples with m chemical constituents, the model performs a singular value decomposition of the nxm matrix after it has been normalized such that all species have a mean of 1. This step reduces the dimensionality of the data space to the number of sources. Furthermore, UNMIX reduces the normalized source composition by projecting the data to a plane perpendicular to the first axis of N dimensional space. The boundaries or edges of the projected data represent the samples that characterize the sources. In contrast to PCA and other forms of source apportionment, UNMIX repeats the model calculations for each possible combination of m chemicals and retains only those constituents that contribute to improving the model's signal-to-noise ratio [108] .
In its simple form, the PMF equation can be written as
where X = concentration data matrix for n number of samples and m chemical species; E = matrix of residuals; G = source contribution matrix for p sources and n number of samples, and F = source profile matrix for p sources and m chemical species. PMF resolves the receptor modeling problem by minimizing object function Q so that (12) where s ij is the uncertainty in the jth chemical species in the ith sample and (13) is the part of the data variance that was not explained by the model. The principal objective of the application of PMF analysis to a data matrix with n number of samples and m number of chemical species is to resolve the number of p independent sources as well as the values of g ik (source contribution) and f kj (source profile) that best fit the concentration data, γ ij . Thus, the number of pollutant sources and the contribution of each source to each sample obtained from a sampling site could be evaluated.
In addition to weighting the data points individually, PMF constrains the results to be always nonnegative. This constraint reduces the rotational ambiguity in the FA problem with the view to obtaining physically realistic solutions. It also ensures that the outcomes are positive, since the concentrations of chemical species in environmental data cannot be negative [16] .
Isotopic and molecular methods
The field of environmental forensics investigations pertaining to PAHs has recently benefited from the application of CSIA. Molecular analyses are often paired with CSIA when molecular signatures are inconclusive. CSIA has become an increasingly common and trusted analytical method for PAH source apportionment over the past 16 years. It exploits the isotopic rather than the molecular signature of PAH compounds, a signature that tends to be less subject to interference by weathering processes [109] ( Table 4) . O'Malley et al. [109] found that the isotope ratios of PAHs are not altered during processes such as volatilization, photolytic, and microbial degradation reactions (i.e., the isotopic signature of PAHs is conservative) [66] . These conditions make it possible to use isotopic fingerprints to implicate a source in the creation of PAHs because the fingerprint could be assumed to remain constant.
The main ratio of interest is that of 13 C to 12 C. This ratio is reported using delta notation, (eq. 1), which gives the per mil (‰) deviation of the isotope ratio of a sample from that of a standard 
The Vienna Peedee belemnite (VPDB) standard has been the most commonly used for this type of analysis [110, 111] . The primary geochemical concept on which CSIA is premised involves kinetic isotope effects. These effects determine which isotopes are preferentially incorporated into PAHs during formation or into their organic precursors during photosynthesis. Kinetic effects alter the isotope ratios of the resulting PAHs at each major stage and pathway to formation.
Isotope measurements of individual PAHs have been carried out using GS-isotope ratio mass spectrometry (IRMS) (Fig. 1) [109, 112] . These specialized measurements have been conducted by using a GC coupled to an isotope-ratio magnetic sector mass spectrometer. The GC separates organic components from one another in complex mixtures and is attached to a combustion furnace which converts organic components into CO 2 . The CO 2 will have a mass of 45 or 44 depending on whether it contains 13 C or 12 C. The CO 2 then passes continuously through an IRMS where the isotope ratios of the compounds are determined by comparison with the 45:44 mass-to-charge ratio of reference CO 2 [110] [111] [112] . Although the potential of using the 13 C/ 12 C isotope ratio measurements to source environmental PAHs has been demonstrated with great success, it is argued that the variation in isotopic signatures within a range of only a few ‰ for different sources, may limit its use in resolving PAHs in some complex environments (Table 4) . To improve on the differentiation of PAHs derived from petrol, jet fuel, and different coal conversion processes, Sun et al. [113] recommended the application of 13 C values in conjunction with reported hydrogen stable isotopes D values. This is possible because deuterium enrichment takes place simultaneously with 13 C depletion, which occurs during the formation of PAHs. The isotopic compositions of different petroleum products will vary from one another because they originate from different sources of crude oil. The δ 13 C and δ 2 H values used for differentiation of coal tar, jet fuel, and gasoline PAH sources are shown in Tables 5 and 6 . The potential of CSIA as a source apportionment technique was demonstrated by O'Malley et al. when they differentiated isotopic signatures of PAHs emitted by wood burning and those found in car soot [109] . The researchers noted that LMW PAHs tend to be enriched in 13 C and are characteristic of pyrogenic mixtures, while HMW PAHs depleted in 13 C were characteristic of petrogenic mixtures. In another study by McRae et al. [114] , the utility of CSIA was demonstrated when PAHs generated by coal and biomass pyrolysis, and in diesel particulates, were found to possess substantially different isotopic signatures. These three sources could not, previously, be resolved without employing CSIA.
The technique CSIA was employed to apportion PAHs in sediments from St. John's Harbor in Newfoundland. The primary source was observed to be wood burning, instead of crankcase oil or other petrogenic sources [109] . In another study, chemical fingerprinting through molecular methods apportioned PAHs in an urban estuary in Virginia to wood-treatment facilities. However, application of isotope signature analysis revealed an additional source as coal transport [115] .
To elucidate the various reaction mechanisms involved in the formation of PAHs by different sources, researchers have resorted to 13 C isotope measurements in products and sources. In one study it was observed that PAHs formed from different coal conversion processes could be differentiated with PAHs enriched in 12 C having a propensity to be preferentially formed at higher temperatures [110] .
Despite the growing popularity of CSIA as a source apportionment technique for PAHs, the technique has some drawbacks. There is currently a lack of standardized methods for CSIA with respect to PAHs. Purification procedures, necessary to separate the aliphatic fraction from the PAH fraction because the two would otherwise coelute during GC-C-IRMS analysis, are continuously being modified and are inconsistent across studies [115] . Purification procedures have been cited as a reason why two studies differed in their attempt to apportion PAHs from creosote wood preservatives [114] .
Although GC-C-IRMS is a fairly sensitive technique, relatively high detection limits of about 10 mg/L for an individual PAH, for each injected sample, often present challenges for analysis of natural samples. Some developments to circumvent this problem include large volume temperature-programmable injection method for GC-C-IRMS analysis of PAHs, which measures samples with concentrations as low as 0.07 mg/L [110] . This technique has superior sensitivity than the more common splitless injection approach.
Although the literature is awash with 13 C values for pyrogenic compounds, this has been at the expense of two other useful source apportionment ratios, i.e., 13 C values for petrogenic PAHs [71] and PAH δ D values [116] . Sun et al. [113] revealed that analyzing PAH δ D values in combination with 13 C values appears to be a promising strategy for differentiating similar sources. This is an area where future research should be focused to further expand the potential of CSIA as an environmental forensics tool.
CONCLUSIONS
PAH diagnostic ratios should be used with caution, as their values may be altered during the transport of these compounds to sediments. Their use should therefore be accompanied by the application of correction factors which partially take into consideration changes due to phase transport and degradation. In addition, the confidence in diagnostic ratios in source apportionment could be considerably improved by estimating PAH emission profiles for suspected emission sources present in the area to be investigated. To some extent, this prevents misinterpretations due to wrong assumptions of diagnostic ratios for particular sources. More than one diagnostic ratio should be used to confirm the results. The FIA/(FIA + Py) and IP/(IP + BghiP) ratios are more conservative than AN/(AN + PhA) and BaA/(BaA + Chy), which are particularly sensitive to photodegradation. The AN/(AN + PhA) ratio is sensitive to environmental changes, and its values for the identification of particular processes lie within a narrow range, which makes it hard to use.
Source apportionment of PAHs could be achieved through various other approaches which include receptor modeling and the use of isotope signatures. However, when these techniques are applied together more useful information is obtained. Multivariate approaches can yield both quantita-S. MOYO et al.
tive and qualitative information. However, with PCA/MLR the robustness of this approach is compromised in cases where a PAH has high concentration leading to high factor loadings, thus introducing bias in the source apportionment. The PCA approach yields sources with negative contributions, which is not practical. The CMB model on the other hand requires a priori knowledge of sources. To circumvent these problems, the use of alternative statistically driven approaches such as PMF and UNMIX is prudent.
CSIA studies appear to have made a significant impact in the field of environmental forensics, though there are still areas of further research such as improving 13 C values for petrogenic PAHs and PAH δ D values. Often, neither CSIA nor fingerprinting alone are conclusive for source apportionment, but the information gained from isotopic analysis will certainly make CSIA indispensable in future source allocation investigations.
